Beamforming structures with fixed beam codebooks provide economical solutions for millimeter wave (mmWave) communications due to the low hardware cost. However, the training overhead to search for the optimal beamforming configuration is proportional to the codebook size. To improve the efficiency of beam tracking, we propose a beam tracking scheme based on the channel fingerprint database, which comprises mappings between statistical beamforming gains and user locations. The scheme tracks user movement by utilizing the trained beam configurations and estimating the gains of beam configurations that are not trained. Simulations show that the proposed scheme achieves significant beamforming performance gains over existing beam tracking schemes.
I. INTRODUCTION
B Y PROVIDING a large amount of unoccupied spectrum, millimeter wave (mmWave) is an effective solution to satisfy the growing demand of mobile data traffic. Narrow mmWave beams can be formed by antenna arrays to enable high data rate transmission as well as reducing inter-user interference. Considering the hardware cost and the energy efficiency, hybrid and analog beamforming systems using phased arrays are more economical compared with fully digital structures [1] . Accurate beam alignment is essential to realize the beamforming gains of phase arrays. With the increasing size of beamforming codebooks, the beam training process will consume a large ratio of channel resources, which can be even larger when users are with high mobility.
Many research efforts have been devoted to designing highefficient beam training schemes, such as using configurable beam width for adaptive beam search [2] , sending pseudorandom beacons to apply compressive sensing techniques [3] , double-link beam tracking to overcome the blockage problem [4] , probabilistic beam tracking for hybrid beamforming architectures [5] , adaptive beam tracking with the unscented kalman filter [6] and narrowing down the search range with the historical training results [7] . Channel fingerprints can also act as useful historical information to aid beam tracking. The channel fingerprint describes the long-term multi-path channel gains associated with user locations. On one hand, its forward mapping, from channel gains to user locations, is widely used in localization methods [8] . On the other hand, its reverse mapping, from user locations to channel gains, is considered to guide the beam alignment [9] , which can greatly improve the beamforming performance, especially on the corner of obstacles. However, the location information used in these references requires external localization equipments such as GPS devices, which are costly and power-consuming .
In this work, we propose a channel fingerprint based beam tracking scheme without any additional localization equipments. The localization is realized by the beam training process. Based on the beam training results, the scheme utilizes the forward mapping of the channel fingerprints to estimate the user locations. After that, the reverse mapping of the channel fingerprints is used to estimate the gains of beam configurations that have not been trained. Based on the channel fingerprints, we can improve the quality of beam configurations selected for training and hence increase the beamforming gains compared to existing beam tracking schemes under the same training budget.
II. SYSTEM MODEL
The letter focuses on a mmWave beamforming system, where a base station (BS) equipped with a phased array of M t antennas conducts beamforming to a user equipped with an array of M r antennas. The user moves in a 2-dimensional rectangle area A. The whole area is discretized into X = L 1 × L 2 disjoint rectangle sub-areas, where L 1 and L 2 are the length and the width of the area, respectively. Each sub-area is assumed to be small enough so that the channel within it is approximately a constant. The time domain is also discretized into frames, whose interval is Δt. Between frames, the user follows a linear movement model:
t ] is the coordinate of user location at the t-th frame, v is the velocity vector measured by the user, and n W is the measurement error, which follows a zero-mean discretized Gaussian distribution: where N (n W ) = n|n (i) − n (i) W | ≤ 1 2 , i = 1, 2 is the neighborhood of n W .
The system adopts a fixed beamforming codebook C, which consists of beam configurations from the transmitter codebook C t and the receiver codebook C r , i.e.,
where H denotes the channel matrix with its entry H ij representing the channel coefficient from the j-th transmit antenna to the i-th receive antenna. The beamforming gain is characterized by a two-state model. More specifically, the beamforming gain is (in dB scale)
in the non-dynamic-blockage state, and
in the dynamic-blockage state, where i is the beamforming configuration index, t is the frame index, and x is the user location. g NDB,DB i (x) and n NDB,DB V (t) stand for the beamforming gain component due to the large and small scale channel fading, respectively.
Compared to microwave, mmWaves have weaker ability in the aspect of scattering and reflecting and are more susceptible to the dynamical blockage events caused by obstacles such as vehicles and human bodies. Therefore, the beamforming gain component g DB i (x) tends to 0. Meanwhile, we assume n NDB V (t) and n DB V (t) follow the same Gaussian distribution with zero mean and variance σ 2 V . The occurrence of the non-dynamicblockage state is modeled as a Bernoulli variable δ i (x, t), i.e., δ i (x, t) = 1 represents the non-dynamic-blockage state, whose probability is α, and δ i (x, t) = 0 represents the dynamic-blockage state. Therefore, the two equations can be integrated into one:
The dynamic blockages are assumed to be independent and identically distributed (i.i.d.) over frame index t and beam configuration i. 1 Compared to the varying small scale fading, the noise in the beam training process has a much smaller variance. Therefore, we ignore the training noise and use the training resultγ i to approximate the real beamforming gain γ i . The training budget, i.e., the number of beam configurations trained in each frame, is denoted by T .
III. CHANNEL FINGERPRINT BASED BEAM TRACKING
We describe the proposed channel fingerprint based beam tracking scheme in this section, whose flow is depicted in Fig. 1 . The scheme tracks beam configurations frame-byframe. At the beginning of each frame, the scheme obtains the prior estimation of the user location by combining the user mobility model and the posterior estimation in the last frame. Based on the prior estimation of the user location, a subset T of the codebook is selected for beam training. Then the posterior estimation of the user location is determined by the training results and the prior estimation. After that, the beam configurations not trained is estimated through the reverse mapping of the fingerprint database g(x). Finally, the scheme selects the beam configuration with the highest estimated gain for data transmission. Different from many existing beam tracking schemes such as [10] , our proposed scheme keeps updating user positions instead of directly tracking beam directions. The reason is twofold: tracking user positions can better utilize the channel fingerprints, and meanwhile it can be easily integrated with other localization methods to improve the performance. In each frame, the user location is estimated by combining the beam training results and the user mobility model. After that, the beamforming gains get estimated based on the estimated user location. More specifically, we consider two concrete beam tracking algorithms, namely the one based on the recursive Bayesian estimation (RBE) and the other one based on the extended Kalman filter (EKF). The former focuses on the distribution estimation of user locations, while the latter focuses on the point estimation of user locations.
A. Beam Tracking Based on the Recursive Bayesian Estimation
The initial probability distribution of user location is denoted by p 0|0 (x), where the symbol t 1 |t 2 represents the estimation or the distribution of the location at the t 1 -th frame conditioned on the beam training results at the t 2 -th frame and the frames before. If the distribution p 0|0 (x) is not given in advance, the scheme may use a priori assumptions, such as the uniform distribution in the whole area A.
At the beginning of each frame, the prior probability distribution of user location is derived based on the probability distribution in the last frame and the transition probability in the mobility model:
The beam configurations for training is selected based on the prior location distribution p t|t−1 (x). The optimal choice should consider both the benefits in the current frame and the frames forth, which can be formulated as a Markov decision process (MDP). The state, action and reward of the MDP are the prior location distribution, the beam configurations selected for training and the beamforming gain in the data transmission process, respectively. Obtaining the solution to the MDP needs huge computation efforts since there are infinite states. Therefore, we consider the myopic solution, which is suboptimal but computationally efficient [11] . More specifically, the scheme selects the T beam configurations with the largest expected gains for training:
where arg max i (T ){·} stands for the T indexes with the largest values in the set. Then the prediction p t|t−1 is refined by the beam training results according to the Bayes' rule:
where the likelihood is calculated as
The refined result becomes the posterior probability distribution of the user location in the t-th frame. The estimated user location can thus be determined as the expectation of the posterior probability distribution:
For the beam configuration not trained i ∈ U, we use the prior probability distribution for the blockage estimation. Therefore, the expectation of the beamforming gain iŝ
For the beam configuration i ∈ T , we use the training resultγ i (t) as the estimation. After obtaining the estimated gains of the whole beam configurations, the configuration with the largest gain is selected for the data transmission process: i t = arg max i∈Cγi (t). The procedure of the RBE based beam tracking scheme is summarized in Algorithm 1.
B. Beam Tracking Based on the Extended Kalman Filter
The EKF algorithm extends the Kalman filter to non-linear cases, which suits our tracking problem. The EKF based scheme generates point estimation of user locations instead of the prior and posterior distributions generated in the RBE based scheme. Therefore, it is less accurate than the RBE based scheme, but saves a lot of computational complexity.
Algorithm 1
The RBE Based Beam Tracking Scheme Input: Initial location distribution p 0|0 (x), user velocity v, the distribution of the location measurement error p W (n W ) and the fingerprint database g(x). Output: The index of transmit beam configuration i t , t = 1, 2, · · · . 1: for t = 1, 2, · · · do 2: Obtain the prior location distribution p t|t−1 (x) according to (7) . 3: Select the beam configurations for training according to (8) and get the training resultsγ(t). 4: Obtain the posterior location distribution p t|t (x) according to (9). 5: Estimate the gains of the beam configurations not trained according to (12) , and select the beamforming configuration i t with the largest gain for data transmission. 6 
: end for
At the beginning of each frame, the prior estimationx t|t−1 is obtained as:
Similar to the RBE based scheme, the EKF based scheme selects the T beam configurations with the largest expected gains at locationx t|t−1 for training:
The beam training results areγ(t). Different from the RBE framework, where the estimate of the dynamic blockage is implicitly included in the calculation of the posterior distribution of user locations, we need to explicitly estimate the dynamic blockage of beam configurations trained in the EKF based scheme, which is done by the maximum a posteriori (MAP) estimation algorithm. More specifically, the dynamic blockage is determined by comparing with a threshold:
If the estimationδ i (t) = 0 for all the beam configurations trained (which comes with very small probability when the training budget is enough), then the training results provide no useful information for the user location and the system uses the prior estimationx t|t−1 as the posterior estimation. Otherwise, the system chooses the training results withδ i (t) = 1 to form the effective vector γ E (t). Then the channel fingerprint gradient at the prior location for each beam configuration in γ E (t) is calculated as
where the superscripts (i), i = 1, 2 represents the two spatial dimensions. All the gradients form a gradient matrix J .
The Kalman gain is then obtained:
where the prior error covariance is
After that, the posterior estimation of the user location is derived:x
Based on the posterior location estimation, the system gets the estimationγ
for those beams without training. Finally, the beam with the highest estimated gain is selected for transmission. The procedure of the EKF based beam tracking scheme is summarized in Algorithm 2.
Algorithm 2 The EKF Based Beam Tracking Scheme Input:
Initial location estimationx 0 , user velocity v, and the fingerprint database g(x). Output: The index of transmit beam configuration i t , t = 1, 2, · · · . 1: for t = 1, 2, · · · do 2: Obtain the prior location estimationx t|t−1 according to (13). 3: Select the beam configurations for training according to (14) and get the training resultsγ(t). 4: Estimate the dynamic blockageδ i (t) according to (15). 5: ifδ i (t) = 0 for all i ∈ T then 6: Obtain the posterior location estimation asx t|t = x t|t−1 . 7: else 8: Obtain the posterior location estimation according to (19). 9: end if 10: Estimate the gains of the beam configurations not trained according to (20) , and select the beamforming configuration i t with the largest gain for data transmission. 11: end for
IV. SIMULATION RESULTS
The simulation scenario is a 2-dimensional urban street with length 100 m and width 4 m, where the channel data is generated by the ray-tracing results of the Wireless Insite software [12] . The area is divided into sub-areas of 0.1 m by 0.1 m. The time interval of a frame is Δt = 20 ms.The velocity estimation is v = [v, 0] (which means the user moves along the street horizontally with velocity v). The covariance matrix of the measurement error vector is which represents the case where the measurement errors of the two dimensions are independent and with the variation
The default value of v and σ W are set to 15 m/s and 1, respectively. On the other hand, the BS uses a uniform linear array with 64 antenna elements to conduct beamforming for the user. The array operates at frequency 28 GHz and the antenna elements are separated by half-wavelength. We use progressive phase shifter to generate the beamforming vector. Hence the transmit codebook size is 64. The user is equipped with a single antenna, making the receive codebook size 1. Therefore the size of the total codebook is 64. The simulation results are averaged over 1000 runs. In every simulation run, the initial location of the user is set to the coordinate [1, 20] , and then beam tracking algorithms are performed in the next 100 frames. For simplicity, we assume that the initial location is accurate for both the RBE and EKF schemes, based on the observation that the impact of initial location estimation vanishes with the growing number of frames. We consider the beamforming gain gap Δγ and the training coverage ratio p TC as the performance metrics. The former is defined as the average of the gap between the beamforming gain of tracking algorithms and the groundtruth of the highest beamforming gain:
and the latter is defined as the ratio of the frames in which the highest beamforming configuration is trained:
where card{·} denotes the cardinality of the set. The performance of the RBE and EKF tracking algorithms is shown in Fig. 2 and Fig. 3 . The standard deviation σ V of small scale fading increases with the growing extent of multi-path propagation. We can observe that the performance of RBE and EKF decreases with σ V . Besides, the proposed algorithm has an obvious performance advantage over EKF and the advantage grows with σ V . The reason is that the proposed algorithm preserves a better characterization of user location for the next frame than EKF. On the other hand, the training coverage ratios of both algorithms increase with the growing number of training beams as well as the decreasing blockage probability. When N grows to 10, even the EKF algorithm with α = 0.5 (the dynamical blockage probability is half) can achieve a 93% coverage ratio.
Finally, we compare the performance of the proposed scheme with other beam tracking schemes in Fig. 4 . For simplicity, we use the RBE algorithm for the proposed beam tracking scheme. The number of beam configurations trained in all the schemes is set to 4. The exhaustive-sweeping scheme conducts training for all the beam configurations. The RBE based beam tracking scheme and the sweeping-aroundcurrent-beam scheme are applied in each frame, while the exhaustive-sweeping scheme is applied every 16 frames to keep the same training overhead with other schemes. In the exhaustive-sweeping scheme, the frame without training selects the same beam configuration as the previous frame. The sweeping-around-current-beam scheme [7] searches the beam configurations whose directions are close to the one selected in the last frame (including the selected), which improves the performance of the exhaustive-sweeping by utilizing the historical beam training. The correlation of beamforming gains between adjacent frames decreases with the growing user velocity, which worsens the performance of the exhaustive-sweeping scheme and the sweeping-aroundcurrent-beam scheme. It is observed that the proposed scheme has the best robustness to user mobility because the fingerprint database provides prior information about the beamforming gains. When the user velocity is 25 m/s, the proposed scheme further reduces the beamforming gain gap by about 8.5 dB compared to the sweeping-around-current-beam scheme with the aid of the channel fingerprints.
V. CONCLUSION
In this letter, we have proposed a high-efficiency beam tracking scheme based on the channel fingerprints for mmWave beamforming systems. Under the same training budget, the proposed scheme can improve the selected transmitting beamforming gain by as large as 8.5 dB for high mobility users compared to the existing sweeping-aroundcurrent-beam scheme. Future work will consider optimizing the choice of beam configurations trained to further improve the performance. Also, the dynamic updating of the channel database with respect to the changes of the environment is also a promising future direction.
